Fiber tractography (FT), which aims to reconstruct the three-dimensional trajectories of white matter (WM) fibers non-invasively, is one of the most popular approaches for analyzing diffusion tensor imaging (DTI) data given its high inter-and intra-rater reliability and scanrescan reproducibility. The major disadvantage of manual FT segmentations, unfortunately, is that placing regions-of-interest for tract selection can be very labor-intensive and timeconsuming. Although there are several methods that can identify specific WM fiber bundles in an automated way, manual FT segmentations across multiple subjects performed by a trained rater with neuroanatomical expertise are generally assumed to be more accurate.
Introduction
To date, diffusion magnetic resonance imaging (MRI) is the only non-invasive method for probing soft tissue microstructure and its 3D architectural organization in vivo, offering the possibility of exploring the microstructural organization and architectural configuration of distinct anatomical fiber networks within the brain white matter (WM) (Jones, 2008; Tournier et al., 2011) . Diffusion tensor imaging (DTI) (Basser, 1994) , in particular, has been widely used to investigate e.g., WM abnormalities in pathological conditions (Concha et al., 2005a (Concha et al., ,b, 2009 Jones et al., 2006; Ciccarelli et al., 2006; Price et al., 2008; Yogarajah et al., 2008; Sage et al., 2009; Caeyenberghs et al., 2010; Van Hecke et al., 2010b; Deprez et al., 2011) , WM changes in normal development (Zhang et al., 2007; Eluvathingal et al., 2007; Lebel et al., 2008 Lebel et al., , 2010 Verhoeven et al., 2010) , and aging (Sullivan et al., 2007; Van Hecke et al., 2008a; Hsu et al., 2008 Hsu et al., , 2010 . In many of these studies, fiber tractography (FT) (Mori et al., 1999; Conturo et al., 1999; Jones et al., 1999a; Basser, 2000 , Poupon et al., 2000 Koch et al., 2001; Parker et al., 2002 Parker et al., , 2003 has been used to identify specific WM fiber bundles, from which diffusion characteristics, such as fractional anisotropy (FA) and mean diffusivity (MD), can be derived (Jones et al., 2005a) . Other approaches for investigating DTI data include region-of-interest (ROI) (e.g., Snook et al., 2005; Madsen et al., 2011) , histogram (e.g., Cercignani et al., 2001 ), voxel-based (e.g., Giorgio et al., 2010 including TBSS (Smith et al., 2006 ;), network-based (e.g., Hagmann et al., 2008; Reijmer et al., 2013) and atlas-based (e.g., 3 al., 2010; Yogarajah et al., 2010; Ljungqvist et al., 2011; Deprez et al., 2012) . Although there are several well-established methods for analyzing cross-sectional DTI data sets, they may not be 'optimal' for longitudinal studies. In voxel-based DTI analyses, for instance, which are notorious for their high sensitivity with respect to the amount/type of filtering (Jones et al., 2005b; Van Hecke et al., 2009 , 2010a and choice of template/atlas (Van Hecke et al., 2008b , 2011 Sage et al., 2009) , subtle intra-subject changes may not be detected due to the much larger residual inter-subject misalignments. In this case, and if there is also a clear hypothesis regarding a specific WM fiber bundle (or a segment thereof - Colby et al., 2012) , FT may be preferred over the voxel-based approach.
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By combining objective protocols for extracting WM fiber pathways of interest on the one hand (Wakana et al., 2004 (Wakana et al., , 2007 Catani et al., 2008) and incorporating subjective prior knowledge from the neuroanatomical expert on the other hand, many studies have already demonstrated the high inter-and intra-rater reliability and scan-rescan reproducibility of manual FT segmentations (Ciccarelli et al., 2003; Pfefferbaum et al., 2003; Heiervang et al., 2006; Wakana et al., 2007; Malykhin et al., 2008; Danielian et al., 2010; Kristo et al. 2013a Kristo et al. , 2013b . The major drawback of manual FT segmentations, however, is that placing ROIs for tract selection can be very labor-intensive and time-consuming, which -for obvious reasonscan become problematic for large-cohort studies. Notwithstanding the existence of methods that can identify WM fiber bundles in an automated way in the absence of gross pathology (Leemans et al., 2006; Clayden et al., 2007; Lebel et al., 2008; O'Donnell et al., 2009; Hagler et al., 2009; Verhoeven et al., 2010; Zhang et al., 2010; Yendiki et al., 2011; Reich et al., 2010; Suarez et al., 2012) , manual FT segmentations across multiple subjects performed by a trained rater with neuroanatomical expertise are generally more specific and, therefore, more accurate. For longitudinal DTI analyses, however, it may still be beneficial to automate the FT segmentation across multiple time points, but then for each individual subject separately. In doing so, the adverse effect of inter-subject variability on the reliability of the FT results may be circumvented, while maintaining the main advantages of the automated approach, i.e., higher efficiency and objectivity.
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In this work, we developed an automated longitudinal intra-subject analysis (ALISA) for investigating FT segmentations and compared its performance in terms of precision and accuracy to the "bronze standard", i.e. the manual FT segmentations. In addition, we compared these results to those obtained with FT segmentations obtained in an automated way over all time points and all subjects (Lebel et al., 2008) . Sixty DTI data sets, which are part of the HUBU cohort database ("Hjernens Udvikling hos Børn og Unge": Brain maturation in children and adolescents; see Madsen et al., 2010 Madsen et al., , 2011 for more details), were included in this study: five acquisitions at six-month intervals for ten healthy subjects and a set of ten repeats of one control subject scanned at weekly intervals. Important to note here is that these automated methods are not intended for case-based clinical use in cases with gross pathology, but rather for the use of longitudinal group studies of healthy development and aging, and pathologies without large displacing lesions.
Without loss of generality, the analyses were evaluated with tractography results from four WM fiber bundles: (i) the superior segment of the cingulum (SSCing) bundle, part of the collection of WM fibers that interconnect limbic structures, relevant for the regulation of emotional processes (e.g., Karaus et al., 2009) ; (ii) the cortico-spinal tracts (CST), running from the spinal cord to the motor cortex; (iii) the uncinate fasciculus (UF), connecting the frontal and temporal lobes, which has been shown to be important in the interaction between cognition and emotion (e.g., Price et al., 2008) ; and (iv) the forceps major (FM), or splenium of the corpus callosum, providing interhemispheric occipital connections that are affected in, for instance, schizophrenia (Clark et al., 2011; Catani and Schotten, 2008) .
Material and Methods
Subjects and data acquisition
Sixty DTI data sets were acquired for this study, five acquisitions at six-month intervals for ten healthy subjects (8F/2M) aged 7.6 to 8.6 years (mean age of 8.1 ± 0.4 years) at the first acquisition date and a set of ten repeats of one control subject (female, age 12.2 years) scanned on four occasions, with respectively two, three, two, and three separate scan sessions.
A C C E P T E D M A N U S C R I P T ACCEPTED MANUSCRIPT
5
These four occasions were separated by two, two, and seven weeks, respectively. The data sets are part of the HUBU cohort database (see Madsen et al., 2010 Madsen et al., , 2011 and have been acquired on a 3T Siemens Magnetom Trio MR scanner (Siemens, Erlangen, Germany) with an 8-channel head coil (Invivo, FL, USA) using a twice-refocused balanced spin echo sequence that minimized eddy current distortions (Reese et al., 2003) (TR/TE = 8200/100 ms) with a b-value of 1200 s/mm 2 along 61 directions using the electrostatic repulsion method (Jones et al., 1999b, Jansons and Alexander, 2003) 
DTI pre-processing
The diffusion-weighted (DW) images were corrected for head motion and eddy current induced geometric distortions using a global affine registration procedure, as described in Leemans and Jones, 2009 . In this correction procedure, the DW data were transformed directly to the ICBM-DTI-81 template (2×2×2 mm 3 ) in MNI space (Rohde et al., 2004; Mori et al., 2008) by applying cubic interpolation with only a single resampling step (i.e., concatenation of transformation matrices), thereby keeping artificial data smoothing to a minimum (Klein et al., 2010) . We explicitly used a 'rigid' transformation model (only 3D rotations and translations) to ensure that no additional confounds, such as partial volume effect (PVE) related modulations of the estimated DTI measures (Vos et al., 2011) , were introduced in this processing step. Note that for the analyses applied in this study, intersubject alignment was not required. However, by transforming all data sets to a common reference space, uniformity in terms of brain angulation was maximized across subjects, which facilitated the definition of standardized protocols for extracting the WM fiber bundles of interest (as for instance also done in Caeyenberghs et al., 2010) . Finally, the diffusion tensor was estimated with the RESTORE approach (Chang et al., 2005) and the FA, MD, and radial/axial (RD/AD) diffusivities were subsequently computed (Pierpaoli and Basser, 1996) .
Fiber tractography
For each DTI data set, whole-brain deterministic fiber tracking (as described by Basser et al., 2000) was performed using ExploreDTI (Leemans et al., 2009 ) with the following parameters:
an isotropic 2 mm seed point resolution was applied throughout the entire brain; the FA thresholds for seed point selection and termination of tracking were 0.2; the angle threshold was 30°; and the step size was set to 1.0 mm. Tract selection ROIs ('AND' gates) were defined according to specific protocols (Conturo et al., 1999; Wakana et al., 2004 Wakana et al., , 2007 Catani et al., 2008; Hasan et al., 2009 ) to extract the SSCing, CST, and UF bilaterally and the FM from the whole-brain tractography results. 'NOT' ROIs, which exclude tract pathways not-of-interest, were placed only on predefined locations, identical for each data set, to minimize 'subjective tract-editing'. The FT segmentations were all performed by a trained medical physicist (S.H.A.) for the UF an SSCing and a neurobiologist (K.S.M.) for the FM and the CST. All raters were blinded to subject identification, time of scan, and brain
hemisphere. Intra-and inter-rater reliability of this approach has been demonstrated in previous studies and is therefore considered beyond the scope of this work (e.g., Ciccarelli et al., 2003; Pfefferbaum et al., 2003; Malykhin et al., 2008; Danielian et al., 2010) . For each reconstructed fiber bundle, average FA, MD, AD, RD, and tract volume were computed. The following sections provide a detailed description of the protocols that were applied to extract the four fiber bundles.
Cortico-spinal tracts
To isolate the CST (see Fig., 1A ,B), two axial 'AND' gates were placed selecting the pons and the motor cortex (M1) as described in Wakana et al., (2007) . The first 'AND' gate was drawn on the slice of the pons where the decussation of the cerebellar peduncles is most visible (i.e., the 'red spot' , Fig. 1A) ; the latter was drawn on the most inferior axial slice where the central sulcus clearly separates S1 and M1 (Fig. 1B) . On the mid-sagittal slice, a 'NOT' gate was placed to exclude false-positive pathways, such as spurious interhemispheric tracts. Another 'NOT' ROI was placed between the pons and the cerebellum to exclude the cerebellar tracts.
Uncinate fasciculus
To select the UF, two 'AND' gates were placed on the most posterior coronal slice where the Sylvian fissure still clearly separates the frontal lobe from the temporal lobe as in Wakana et al., (2007) and Hasan et al., (2009) . This slice was selected on the MD map, where the cerebrospinal fluid (CSF) provides a clear demarcation for separating these two brain regions.
As shown in Fig. 1C , one ROI (blue) was placed around the temporal lobe, and another ROI (green) was placed around the frontal lobe. A 'NOT' ROI was placed on the midsagittal slice to exclude false-positive pathways, such as spurious interhemispheric tracts.
Superior segment of the cingulum
A consistent reconstruction of the entire cingulum bundle with DTI-based FT is known to be extremely difficult as the regions in which this tract terminates can differ substantially across multiple subjects due to error accumulation during tract propagation. To minimize the contribution of non-specific pathways only the superior segment of the cingulum (SSCing) was selected (Emsell et al., 2009 ). The SSCing was defined by two 'AND' gates: one on the most posterior coronal slice, that would still show the genu of the corpus callosum, and one on the most anterior coronal slice in which the splenium of the corpus callosum was seen in full profile (see Fig. 1D ).
Forceps Major
The FM was segmented by placing two 'AND' gates around the occipital lobe, i.e., one around each hemisphere to specifically capture the interhemispheric occipital connections.
More specifically, for each hemisphere the sagittal slice showing the perisplenial part of the cingulum was found, and the parieto-occipital sulcus was defined on this slice (Fig. 1E ). The 'AND' gate was then drawn on the most posterior edge of the sulcus on the corresponding coronal slice, around only the occipital lobe (Wakana et al., 2007) . Additionally, one 'AND' gate was drawn around the splenium of the corpus callosum on the mid-sagittal slice ( Fig.   1F ).
Automated longitudinal intra-subject analysis (ALISA)
The automated longitudinal intra-subject analysis (ALISA) approach proposed in this work computes for each subject the FT results of the data sets, acquired at multiple time points, by
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8 defining a single ROI configuration on a subject-specific DTI template. The ROI configuration is subsequently applied to each of the individual data sets to obtain the FT results for that subject at each time point. The subject-specific DTI template is created for each subject separately by averaging the multiple diffusion tensor data sets as described previously (Jones et al., 2002) using elastix (Klein et al., 2010) . A flow chart illustrating the difference between the manual and ALISA approaches is shown in Fig. 2 . In this step of the ALISA approach, the effects of brain growth (both global and/or local) and geometric variations due to acquisition imperfections are assumed to be negligible compared to the precision with which the ROI configurations for tract segmentation can be defined, which is typically in the order of magnitude of a few voxels. To verify that the assumption of spatial correspondence of the reconstructed tracts (or segments thereof) between the different time points holds, non-linear deformation fields have been computed between the DTI data at time points one and five for each of the ten subjects (Van Hecke et al., 2007) . With these deformation fields inter-scan geometric differences and brain growth can be quantified for each voxel. The FA skeletonization procedure of TBSS (Smith et al., 2006) with an FA threshold of 0.2 is used on a representative subject's template to assess the magnitude of these deformation fields overlaid on the main WM fiber pathways.
Performance of ALISA in terms of accuracy and precision is compared to (i) the manual FT segmentations, where ROIs were drawn manually for each bundle at every time points for all subjects; and (ii) an automated inter-subject analysis, where FT segmentations were obtained over all time points and all subjects as described in Lebel et al., 2008 . For this approach -in the following referred to as the "fully automated" method -the DTI atlas was constructed from the ten repeats of the single subject (Jones et al., 2002) and ROI configurations were defined on this atlas for each WM fiber bundle and subsequently applied to the data of all time points of all subjects (Lebel et al., 2008) . For each tractography result from ALISA, the fully automated method, and the bronze standard (i.e., the manual FT segmentations), the FA, MD, RD, AD, and volume were estimated as in Jones et al., (2005a) .
Statistical inference
With the ten repeated DTI scans of a single subject, the precision of the aforementioned measures can be compared between the manual, ALISA, and fully automated method. More
specifically, using Levene's test (assessing equality of variances) we can determine whether ALISA or the fully automated method would introduce an additional amount of variability to the FT segmentations. In addition, the paired Kruskal-Wallis test was applied to assess any change in accuracy (a non-parametric test is preferred to avoid sensitivity to non-normal data distributions (Kitchen, 2009)). In other words, this paired test will allow us to investigate the existence of any systematic deviation of the estimated measures between the three methods.
For the longitudinal data sets (ten subjects scanned at five time points), a two-way repeated measures ANOVA was applied to investigate potential differences in accuracy between the manual, ALISA, and fully automated approaches if data were normally distributed (as determined with the Lilliefors test with p = 0.05 deemed significant) and with the nonparametric Friedman test otherwise. As these are pair-wise statistical tests between different segmentation methods, these tests provide a very high sensitivity. To assess whether both approaches have a difference in precision based on these longitudinal data sets, the estimated FA, MD, AD, RD, and tract volume values were first adjusted to account for intersubject differences. More specifically, for each subject and for each reconstructed fiber bundle the average value across the five time points was subtracted from each of the individual time point estimates for all approaches before performing Levene's test.
Differences were deemed significant at p = 4.76e-4 (Bonferroni corrected for multiple hypothesis testing).
Lastly, we compared the intra-subject variation in segmented tract volumes between the manual, ALISA, and fully automated methods. More specifically, for each subject and the four fiber bundles, the standard deviation of the fiber bundle volume across the five time points was computed and compared between these methods using Friedman's test.
Results
Subject-specific template construction
The reliability of automating fiber tractography segmentations for serial DTI data depends heavily on the coregistration quality and, consequently, the construction of the subjectspecific template that was used in the ALISA approach. Indicating the quality of the applied normalization procedure (Jones et al., 2002) , Fig. 3 shows the resulting template derived from the five serial DTI scans of a representative subject. Overlaid on the FA skeleton of this
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template, the dominant diffusion direction (first eigenvector) is shown for each individual DTI data set in Fig. 4 . The tight coherence of these principal diffusion orientations demonstrates the high level of accuracy that was obtained for our coregistration results.
The magnitude of the non-rigid geometric deformation between time points one and five is shown in Fig. 5A for a representative subject (female, 7.6 year at first scan) with Fig. 5B showing the corresponding histogram of these deformation values. Fig. 5C presents the same histograms of deformation values for the other nine subjects. Notice that virtually all deformations related to brain growth and/or differences in acquisition geometry are smaller than the voxel size. The same procedure was also applied to the ten repeated acquisitions of the single subject to investigate the magnitude of the deformations related to imperfections of the data acquisition in the absence of brain growth. More specifically, each of the ten repeated data sets is registered to every other data set with the corresponding warp fields summarized by their median displacement (see Fig. 6 ). The average inter-scan deformation magnitude (mean 0.40 ± 0.05 mm) is significantly smaller (independent two-sample t-test; p < 10 -10 ) than the deformations between time points one and five of the ten subjects (mean 0.58 ± 0.09 mm).
Ten repeated DTI acquisitions of one control subject
The FA, MD, RD, AD, and volume measures for each of these reconstructed fiber tracts (averaged across the ten repeated scans) are summarized in Table 1 . Levene's test and the Kruskal-Wallis test were applied to investigate for each fiber bundle the difference in precision and accuracy of the estimated measures, respectively. As shown in Table 1 , no significant differences were observed in either volume or diffusion measures.
Longitudinal data sets (ten subjects scanned five times at six-month intervals)
Figs. 7-10 show the reconstructed pathways of the CST, UF, SSCing, and FM, respectively, of a representative subject at each of the five time points and for the three approaches. Notice that the fiber tracking results obtained with ALISA are almost identical to the manually segmented fiber bundles, but that the fully automated approach shows larger variations, mostly in the SSCing, UF, and FM. Supplementary online material shows the segmented bundles for the other subjects, giving a good overview of inter-subject variability in FT segmentations. Table 2 summarizes the mean and standard deviation of the diffusion metrics
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(FA, MD, RD, AD) and volume measures of the four fiber bundles across the ten subjects that were scanned five times at roughly six-month intervals (i.e., total number of DTI data sets is 50). The only significant difference in variance was for the FM volume, which was different when segmented with the fully automated method compared to ALISA and the manual FT segmentations. In addition, significant differences across the three approaches were observed in mean values for the volume and several diffusion indices of the bilateral CST. The most striking difference is the reduced number of tracts in the left CST for the fully automated method (white arrow in Fig. 7 ). More subtle differences between the three segmentation approaches can be observed in the extent with which the tracts terminate in superior and/or inferior regions.
The intra-subject standard deviation of the fiber bundle volume across the five time points is significantly different between the three methods (p = 2e-6) if all fiber bundles are pooled together. Table 3 shows the results of such comparison for each fiber bundle separately, with ALISA providing the lowest standard deviations, indicating the highest intra-subject consistency in fiber bundle volumes.
Discussion
With the advent of large-cohort DTI studies, there is an increased demand for data analyses that require minimal user input. While several methods have been developed to analyze WM fiber bundles in an automated way (Leemans et al., 2006; Clayden et al., 2007; Lebel et al., 2008; O'Donnell et al., 2009; Hagler et al., 2009; Verhoeven et al., 2010; Zhang et al., 2010; Reich et al., 2010; Yendiki et al., 2011; Suarez et al., 2012) , there is typically a trade-off that needs to be made between prior knowledge incorporated by the user for the manual approach (e.g., the neuroanatomical expertise regarding the location and extent of tracts-of-interests) and the predefined parameter settings required by the automated technique. In other words, the labor-intensive and subjective -yet valuable -human input is exchanged with the higher objectivity and efficiency, but potentially the lower accuracy, of the automated analysis tool.
In this paper, we have proposed a new analysis pipeline, dubbed ALISA, which aims to combine the best of both worlds: increasing the efficiency by automating the subject-specific data analysis, while retaining the prior knowledge from the neuroanatomical expert on a A C C E P T E D M A N U S C R I P T subject-by-subject basis. In addition, we have evaluated the performance of the ALISA approach by comparing its reliability in terms of accuracy and precision with the current "bronze standard", i.e., with the corresponding manual FT segmentations. Furthermore, we have investigated whether an existing fully-automated inter-subject segmentation approach (Lebel et al., 2008) would give the same accuracy and precision as ALISA and/or the manual FT segmentations. To this end, FT segmentations and several diffusion measures from four different fiber bundles (SSCing, CST, UF, and FM) were compared between all three methods using (i) ten repeated data sets of a single subject, where no detectable brain changes were assumed and (ii) five serial acquisitions (half a year apart) for ten different subjects, which are all part of the HUBU cohort database ("Hjernens Udvikling hos Børn og Unge": Brain maturation in children and adolescents; see Madsen et al., 2010 Madsen et al., , 2011 . ALISA will be made available via the ExploreDTI diffusion MRI software tool (www.exploredti.com).
The ALISA method had the smallest intra-subject variability in the organization of the fiber bundles compared to the fully automated method and the manual FT segmentation (Figs. 7-10 and Table 3 ), especially in the SSCing, UF, and FM. For the SSCing, for instance, where the aim was to extract only the segment between the ROIs, there is a strong variability in the length of this segment when extracted with the fully automated method (Fig. 9) . This is also supported by a significant difference in variance of the segmented tract volume between the fully automated method on the one hand and the ALISA and manual segmentation on the other hand. Similarly, the tract volumes of the FM are also significantly different when segmented with the fully automated method (Table 2 ). In addition, the variability between the segmented FM tracts from the five time points of one subject is much larger for the fully automated method (Fig. 10) . Most notably, the fully automated method was unable to segment the FM on one time points from one subject (Supplementary material -subj. 7).
Furthermore, the UF segmented with the fully automated method is prone to missing the frontal projections (Fig. 8) or the temporal projections (Supplementary material). Based on these results of the longitudinal datasets, one can already state that the fully automated method does not give the same high level of reliability as the manual FT segmentations. By contrast, the ALISA method shows results that are more consistent with the manual segmentations, indicating that the same regions have been investigated.
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Despite the absence of any significant differences between the ALISA and manual results for the ten repeated data sets, there is a tendency towards higher variability with the manual approach, which can be appreciated from its slightly higher overall standard deviation in tract volume estimates (Table 1 ). This trend in higher variability for manual segmentations can be attributed to the different ROI positions that were used to extract the tracts-of-interest for each data set separately (Supplementary material), which can also be appreciated in the tract segmentations in the longitudinal dataset (Fig. 9 ). These differences in position, which by design are not present in the ALISA framework, are probably caused by the intrinsic intrarater variability triggered by subtle differences in partial volume effects and noise distributions across the ten data sets. Also for the five serial acquisitions from ten subjects, no significant differences in accuracy/precision of the diffusion measures between both approaches could be detected, suggesting that ALISA does not affect the precision and accuracy in an adverse way. One could argue that the higher SNR in the subject-specific templates could increase the consistency of the ROI delineations across subjects, making the ALISA approach more robust and efficient than manual delineations, especially for largecohort studies. This consideration is supported by Table 3 demonstrating that ALISA has lower intra-subject variation in segmented tract volumes than the manual segmentations.
There is no significant difference in precision of the diffusivity and volume measures between manual FT segmentation and ALISA, as determined using Levene's test (Table 1 and 2). Table 2 further shows minute differences in the average diffusion values between the manual and ALISA approaches. Taken together, these results indicate that the absolute values of these measures will be slightly different when using either the manual or ALISA segmentations, but the statistical power to detect any trends or changes would remain the same, or potentially higher with ALISA due to higher intra-subject consistency in tract segmentation (Table 3, Figs. 7-10).
The ALISA approach assumes that the position of the ROI -defined on the subject-specific template -can be transformed to the same anatomical locations across different time points.
This assumption holds if brain growth can be considered to be in the order of magnitude of
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14 the precision with which one can draw the ROI, so in the order of the voxel size. Although brain growth could indeed be verified by the larger median displacements of the deformation warp fields observed in the serial data sets (see Section 3.1), the vast majority of voxels did not exceed 2 mm (Fig. 5) . Also qualitatively, the validity of the assumption could already be appreciated from the high spatial agreement between the five normalized DTI data sets for the representative subject shown in Figs. 3 and 4 (Jones et al., 2002) . In general brain size is relatively stable between 6-7 and 70 years of age (e.g., Dekaban, 1978 , Jernigan et al., 2011 .
We therefore believe that the ALISA approach is suitable for a large range of ages and time spans between first and last scan point.
Nevertheless, in severe pathological conditions (Nimsky et al., 2005 (Nimsky et al., , 2006 , correspondence between anatomically identical locations may not be warranted, which could be problematic for the ALISA approach. Similar complications may arise in neonatology related research (Van der Aa et al., 2011) , where there can be tremendous changes in brain size and WM organization between follow-up scans may not be captured by the ALISA framework.
Possible improvements might include a nonlinear registration from the template to the individual time points of each subject, but the stability and reproducibility of the nonlinear registration should be carefully monitored to determine whether this yields a benefit because of accurate anatomical correspondence or merely causes additional variability due to imperfect registration.
We evaluated the ALISA framework for four specific WM fiber bundles, and with DTI data sets acquired from healthy young subjects. By including association (SSCing and UF), projection (CST), and commissural (FM) fibers, we cover a wide variety of fiber structures with different size and location. In general, ALISA can also be applied to other WM structures and age ranges as long as the geometric differences across the time points are not too large (i.e., smaller than roughly five mm).
Finally, although ALISA has been evaluated with FT segmentations that were based on conventional DTI-based tractography -which nowadays may not be considered as the "optimal" model to perform tract reconstructions (e.g., Jones et al., 2012; Jeurissen et al., in 
15 press) -our proposed framework will also be valid for tractography methods based on other approaches, such as, for instance, diffusion spectrum imaging, Q-ball imaging, and spherical deconvolution methods (Wedeen et al., 2008; Descoteaux et al., 2009; Jeurissen et al., 2011) .
In summary, we have proposed and evaluated an automated longitudinal intra-subject analysis, coined ALISA, which is specifically designed to analyze tractography-based segmentations for longitudinally acquired DTI data sets. In contrast to across-subject automation, ALISA has comparable to even higher levels of accuracy and precision compared to manual segmentations. Being less time-consuming and more objective, ALISA will be beneficial for longitudinal studies, especially if data sets have been acquired at many time points. 
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